Abstract Despite improvements in operative management and therapies, overall survival rates in advanced ovarian cancer have remained largely unchanged over the past three decades. Although it is possible to identify high-risk patients following surgery, the knowledge does not provide information about the genomic aberrations conferring risk, or the implications for treatment. To address these challenges, we developed an integrative pathway-index model and applied it to messenger RNA expression from 458 patients with serous ovarian carcinoma from the Cancer Genome Atlas project. The biomarker derived from this approach, IPI59, contains 59 genes from six pathways. As we demonstrate using independent datasets from six studies, IPI59 is strongly associated with overall and progression-free survival, and also identifies high-risk patients who may benefit from enhanced adjuvant therapy.
Introduction
Epithelial ovarian cancer is the leading cause of gynecologic cancer death, accounting for over 14,000 deaths annually in the United States alone [1] . Early diagnosis is difficult, and consequently most patients present at advanced stage (III or IV) where standard treatment is surgical debulking followed by a platinum-based chemother-apy. Most patients with advanced ovarian cancer (AOC) do not achieve a sustainable response under standard care and over 60 % recur within 2 years; only 30 % survive 5 years [1] . Recent clinical trials evaluating the effects of augmenting adjuvant therapy have identified a few promising agents showing remarkable benefit to some patients, but the results overall were not sufficiently uniform or great enough to warrant a change to standard treatment [2] . The discovery of clinically actionable Biomarkers that identify high-risk patients likely to benefit from an enhanced adjuvant therapy would allow for more precise and powerful trials, and ultimately lead to improved AOC patient survival.
A number of methods are available for identifying patients at high-risk for early recurrence or death. Residual disease after surgical cytoreduction is the measure most widely used in clinical practice. It has been associated with both overall and progression-free survival in numerous studies, with age improving predictions slightly. Although it is useful for prognostic purposes, these measures do not provide information to guide treatment. Genomic and proteomic prognostic markers have been developed toward this end, and a few are associated with biological processes that suggest broad classes of candidate therapies [3, 4] . In spite of these advances, validation studies have yet to be conducted, and the ability to identify patients likely to benefit from an enhanced adjuvant therapy remains elusive.
To identify a clinically actionable biomarker of high-risk AOC patients, we developed and applied an integrative pathway-index (IPI) model to mRNA expression and survival data collected on ovarian cancer patients as part of the Cancer Genome Atlas (TCGA) project. In short, the IPI model requires as input a collection of pathways (groups of genes) specified a priori and expression measured in a population of patients. Within each pathway, susceptibility (resistance) genes conferring increased (decreased) risk of a time-to-event phenotype such as recurrence or death are selected. Pathways significantly associated with risk are then identified from the full collection. In many cases, we observe sparse effects both within and across significant pathways. To derive a unified biomarker that summarizes salient features across pathways, a second variable selection is conducted that accommodates the pathway information. See Methods for further detail.
An application of the IPI model to the TCGA ovarian cohort identified a biomarker from 59 genes, referred to hereinafter as IPI59. The prognostic performance of IPI59 to identify high-risk AOC patients is evaluated in six independent patient populations, and is shown to be comparable to leading approaches, using far fewer genes. Importantly, IPI59 also identifies a sub-population of patients who may benefit from enhanced adjuvant therapy. Taken together, IPI59 may ultimately serve as a useful prognostic and predictive biomarker [5] .
Methods

Expression Data Cohorts
Expression and clinical data for the training data set were obtained from the TCGA Data Portal (http://cancergenome.nih.gov) on 08/25/2015. Probe level gene expres-sion files were downloaded before normalization (level1). We considered the 458 TCGA patients with advanced stage serous ovarian carcinoma as a training data set; expression data for the training set were collected using the Affymetrix HT Human Genome U133a platform. Data for validation studies were obtained from the gene expression omnibus, GEO [6] . Specifically, we considered 285 patients from Tothill et al. [3] , a study conducted in Australia consisting of patients with ovarian, tubal, and peritoneal cancers (GSE9891); n = 28 patients from Konstantinopoulos et al. [7] conducted at Beth Israel Deaconess Medical Center, Boston (GSE19829); n = 101 patients from Lisowska et al. [8] conducted in Poland (GSE63885); n = 58 patients from Ferriss et al. [9] conducted at the University of Virginia (GSE30161); n = 185 patients from Bonome et al. [10] conducted at Massachusetts General Hospital, Boston (GSE26712); and n = 260 patients from Yoshihara et al. [11] conducted in Japan (GSE32062). These datasets were collected from three platforms: Affymetrix Human Genome U133 Plus 2.0 (GSE9891, GSE19829, GSE63885, and GSE30161), Affymetrix Human Genome U133a (GSE26712), and Agilent (GSE32062). For the Affymetrix platforms, the R packages hthgu133a.db_3.2.2 and hgu133plus2.db_3.2.2 were used to align probes to genes across all studies. For the Agilent platform, the gene level expression data set was directly obtained from curatedOvarianData [12] . Robust multi-array average [13] (RMA) was used for gene expression normalization of CEL files for the TCGA training set as well as the test data sets GSE9891, GSE19829, GSE63885, and GSE30161. For GSE26712, the RMA normalized data provided at GEO were used and for GSE32062, processed data from curatedOvarianData [12] were used. Following normalization, each gene was centered and scaled to have unit standard deviation. To minimize the effect of long-term survivors, overall survival time (progression-free survival time) and status were truncated at 60 (48) months; to attenuate outliers, expression values greater (less) than the 97th (3rd) percentile were redefined to be equal to the 97th (3rd) percentile. Patients with low stage (stage I and stage II) and low grade (grade I) were excluded. Further information on patient exclusion is provided in supplementary Sect. 2 (Excluded patients).
Cytoreduction Status
The traditional definitions of optimal and sub-optimal cytoreduction status that are used for TCGA193 and CLOVAR100 are no residual disease greater than 1cm and residual disease greater than 1cm, respectively. However, recent reports suggest that the distinction between no residual disease (RD − ) and some residual disease (RD + ) is a more accurate metric [14] [15] [16] , and Supplementary Figures S1-S2 support the new distinction. Consequently, for the TCGA training data set and GSE9891, we followed the recent distinction (RD − vs. RD + ) of cytoreduction status for each study that provided detailed information regarding residual disease. For other studies (GSE19829, GSE63885, GSE30161, GSE26712, and GSE32062), this information was not available and so we used the status label provided; the patients with optimal cytoreduction are included in the RD − group and the patients with sub-optimal are included in RD + group.
Integrative Pathway-Index Model
The IPI model requires as input a collection of pathways (groups of genes) specified a priori and expression measured in a population of patients. In a first step, within each pathway, genes associated with increased (decreased) risk of a time-to-event phenotype are selected. Significant pathways are then identified, and a second variable selection is conducted that uses genes from significant pathways and accommodates pathway structure. In practice, groups of genes can be identified from any source. While a number of methods exist for selecting genes within a pathway associated with a time-to-event phenotype [17] [18] [19] [20] [21] [22] , the IPI model uses Cox-proportional hazards lasso regression as in [17, 18, 20] . There are also many methods available for identifying significant pathways [23] [24] [25] [26] [27] . The IPI model uses the pathway-index model described in Eng et al. [18] . Briefly, in the pathway-index model, Cox-proportional hazards lasso regression is used to select genes where increased (decreased) expression is associated with increased (decreased) risk, referred to as susceptibility and resistance genes, respectively. The cytoreduction status is included as a covariate in the Cox-proportional hazards lasso regression. An index is calculated for each patient, defined as the difference between average expression of the susceptibility genes and average expression of the resistance genes. A patient is allocated into the high-risk (low-risk) group when her patient-specific index is greater (less) than zero; and pathways are ranked by p values from log-rank tests between high-risk and low-risk patient groups. The top 15 pathways are selected using the pathway-index model and group-lasso [23] is then used in a second selection stage. Prior to applying grouplasso, the 15 pathways are ranked in ascending order according to the proportion of selected genes (the ratio of the number of selected genes over the pathway size) to avoid over representation by one or a few pathways. Any gene present in more than one pathway is assigned exclusively to the pathway containing the gene that has the smallest proportion of selected genes. Once top pathways of interest are identified and duplicated genes are assigned to a single pathway, the IPI model uses a sparse-group lasso to select a final list of genes [28] . To estimate the tuning parameter, 10-fold cross-validation is used, and the index of the patients is calculated. We used KEGG annotations obtained from the R package hthgu133a.db_3.2.2 available at www.bioconductor.org; 229 KEGG pathways were considered. For training the IPI model, we use the 458 TCGA patients with overall survival (progressionfree survival) truncated at 60 (48) months to minimize the effect of long-term survivors.
Survival Analysis
Comparisons between survival curves were conducted using the log-rank test. Unless otherwise noted, reported p values test the null hypothesis that the hazard functions for all groups are equal for the study time shown.
Paired Sample Analysis
Eighteen TCGA patients are listed as having recurrent solid tumor tissue. Of these, 16 had matched primary tumor tissue samples and we aligned the level 1 TCGA expression data for all of these arrays and RMA normalized them together. Because all of these patients recurred and were re-biopsied, we regressed the time to first recurrence by the relative change in IPI59 signal.
Assessment of Enhanced Adjuvant Therapies
Treatment information available in the TCGA includes dates bounding the beginning and end of a treatment regimen. As of 08/25/2015, treatment information was available for 504 TCGA ovarian cancer patients. Among these, 411 patients were used with combination of other clinical variables. Further detail is provided in supplementary Sect. 2 (Treatment data definition). With few exceptions, each patient received a platinumbased chemotherapy (cisplatinum or carboplatin) combined with paclitaxel for adjuvant therapy. In addition to platinum drugs and paclitaxel, 90 patients also received additional agent(s) for adjuvant treatment. Specifically, we considered 13 patients who received bevacizumab, 39 who received gemcitabine, and 12 who received topotecan. Other treatments were sparsely represented and details can be found in Supplement  Table S3 . We refer to these 90 patients as receiving enhanced adjuvant therapy.
Results
Identification of IPI59
As detailed in methods, pathways (group of genes) must be identified a priori. Of the 229 pathways defined by KEGG [29] , the IPI model identified Axon guidance (KEGG:hsa04360), Neuroactive ligand-receptor interaction (KEGG:hsa04080), Neurotrophin signaling pathway (KEGG:hsa04722), GnRH signaling pathway (KEGG:hsa04912), Wnt signaling pathway (KEGG:hsa04310) and Osteoclast differentiation (KEGG:hsa04380). The model selected a total of 81 probes from these 6 pathways. In order to refine the survival prediction, we applied Cox proportionalhazards sparse-group lasso regression on these 81 probes and identified 62 probes, which correspond to 59 genes (Supplementary table S4) . For each patient, we derive an expression index from these 59 genes (30 resistance and 29 susceptibility), defined by the pathway index model as the average expression of susceptibility genes minus the average expression of resistance genes. The index is referred to throughout as IPI59.
IPI59 Predicts Overall and Progression-Free Survival in Independent Patient Populations
To evaluate the ability of IPI59 to predict overall survival, we compared its predictions of two classes (low-risk vs. high-risk) with the two leading prognostic signatures Numbers do not sum to the total due to missing values. Excluded patients are described in supplement that were developed using the same TCGA cohort (noting that sample sizes vary slightly due to patient accrual over time). The first marker developed by the TCGA Consortium [30] is based on expression from 193 genes, referred to as TCGA193. The second, CLOVAR [31] , uses 100 genes, referred to as CLOVAR100. These two signatures outperform all methods to date with respect to predictive utility, including cytoreduction status. As valid assessment of any prognostic marker requires evaluation in independent datasets, TCGA193, CLOVAR100, and IPI59 were evaluated on 825 patients profiled in six independent studies, summarized in Table 1 . As detailed in Methods, these datasets were collected in diverse geographical locations using different array platforms over a time period spanning 20 years (1990-2010). For some datasets, there are slight differences in patient characteristics and clinical definitions (e.g., of cytoreduction status, see Methods). Given this heterogeneity, we expect the results of our validation studies to provide a fairly realistic assessment of response in a clinical setting. In these independent populations, IPI59 shows predictive performance that is comparable to TCGA193 and CLOVAR100. The left panel of Fig. 1 shows overall survival (OS) stratified by high and low risk as assessed by IPI59 and cytoreduction status (p = 5.31e-12). The middle and the right panels show similar plots, for TCGA193 (p = 1.87e-13) and CLOVAR100 (p = 2.92e-13), respectively. Progression-free survival (PFS) is available for 366 of the 825 patients; results are shown in Fig. 2 (p = 2.55e-11, 2.68e-07, 1.26e-4, respectively, from the left). Taken together, these results indicate that IPI59 may be a clinically useful prognostic marker for identifying AOC patients at high-risk for early recurrence or death.
Changes in IPI59 are Associated with Platinum Resistance
Because adjuvant treatments for ovarian cancer are universally platinum-based, patients with short PFS times (<6 months after the end of adjuvant therapy) are referred to as platinum resistant. As noted in the previous section, IPI59 accurately classifies patients into two PFS groups (low-risk vs. high-risk); in other words, IPI59 identifies patients who are at high-risk of developing platinum resistance. However, as the IPI59 values considered thus far are derived from expression in the original tumor tissue, they provide no information on possible changes in this marker after chemotherapy; and the ability to assess the association between dynamic changes in IPI59 and the development of platinum resistance in patient populations is limited since it is not common to biopsy recurrent tumor tissue. Despite a small cohort, there are thirteen late-stage TCGA patients for which tumor tissue samples are available from both primary and recurrent tumors. Figure 3 shows PFS as a spline function of the percent change in IPI59 for these patients; the middle and right panels show PFS as a function of percent change in the 30 resistance and 29 susceptibility genes that make up the signature. The linear model (not shown) predicts that a 1 % increase in IPI59 decreases time to recurrence by 24 days (p = 0.098). These results suggest that platinum has a shorter duration of efficacy for patients with high baseline susceptibility genes and low baseline resistance genes (PFS is shorter), and that increases in IPI59 are associated with accelerated development of platinum resistance (increased tumor growth rate) as assessed by time to first recurrence.
IPI59 Stratifies Patients into Meaningful Groups that Show Differential Response to Treatment
Since patients with high IPI59 index are at high risk for early recurrence, we investigated whether enhanced adjuvant therapy for these patients provided benefit. Of the 458 TCGA patients considered, we focused on 411 for which treatment information was available. Of these, 321 received standard of care for adjuvant therapy (platinum and taxane drugs only) and 90 received enhanced adjuvant therapy (an agent or combination of agents in addition to platinum and taxane drugs). Between adjuvant therapy and enhanced adjuvant therapy groups, the baseline difference in terms of age was not significant (t test; p = 0.60). Since cytoreduction is widely used in clinical practice to identify high-risk patients, it too was considered in our assessment. The left panel of Fig. 4 shows PFS for RD − patients stratified by IPI59 and treatment (adjuvant vs. enhanced adjuvant). While there is a significant difference in PFS between low and high-risk patients as assessed by IPI59 (p = 0.001), there is no difference within risk group between patients who received adjuvant and those who received enhanced adjuvant therapy. The right panel of Fig. 4 shows that there is an effect for RD + patients. Specifically, patients with sub-optimal cytoreduction with low-risk IPI59 show significant benefit from enhanced adjuvant therapy, with median survival increased by 11.7 months (p = 0.085). These results suggest that IPI59 can be combined with cytoreduction status to identify a sub-population of patients who may benefit from enhanced adjuvant therapy.
Discussion
Ovarian cancer remains one of the most challenging cancers, as diagnosis is often late and prognosis is often poor. Consequently, it is clear that major advances in early detection and treatment are needed. We have focused on the latter, namely, deriving a biomarker that may guide improved treatment/chemotherapy choices. While a number of expression-based biomarkers have been shown to be associated with OS and PFS in ovarian cancer patient populations, most provide little insight into the underlying biological mechanisms that in part lead to differences in outcome, and none to date provide information to guide treatment. The biomarker derived here, IPI59, is both prognostic and predictive, and in this way has the potential to directly improve patient outcome.
The model was derived using TCGA data from approximately 500 patients, and then validated in over 900 patients from six independent studies. Importantly, the study populations are geographically diverse, with data collected over varying times and array platforms. The heterogeneity inherent to the validation data presents challenges for the approach, but more accurately reflects performance in a clinical setting.
Our results demonstrate that IPI59 provides for accurate ovarian cancer patient prognosis that significantly improves on the clinical variables in use today. Furthermore, we have demonstrated that patients with sub-optimal cytoreduction (RD + ) with low-risk identified by IPI59 have significantly improved progression-free survival times if treated early on with an enhanced adjuvant therapy. This suggests that IPI59 may prove immediately useful in guiding treatment.
The results presented here also demonstrate that changes in IPI59 levels may serve as a biomarker of response. By analyzing IPI59 in patients for whom tumor tissue was available at both diagnosis and recurrence, we demonstrated that changes in IPI59 are significantly associated with earlier recurrence, which suggests that IPI59 may ultimately be useful in patient monitoring over time.
While IPI59 combines genes from six pathways and proves more accurate than any of the six in isolation, it is useful to consider results from individual pathways (Supplementary Figure S3 -S8) as they may provide insight into underlying biological mechanisms, and in some cases provide similar results using fewer genes for at least some of the responses considered. The index from the KEGG: Neuroactive Ligand-Receptor Interaction pathway and that from the Wnt signaling pathway provide examples. With just 18 genes from the Neuroactive Ligand-Receptor Interaction pathway, both OS and PFS are well predicted (Fig. S4 ). Also, with 21 genes from the Wnt signaling pathway, patients with RD + with low-risk show significant benefit from enhanced adjuvant therapy (median survival increased by 15.2 months; p = 0.006). In addition, since these genes are from an individual pathway, mechanistic studies are perhaps more straightforward.
In summary, we have used the IPI model to identify IPI59, a 59-gene mRNA-based prognostic and predictive biomarker to improve outcome in serous ovarian cancer patients. Like other prognostic biomarkers such as TCGA193 and CLOVAR100, IPI59 is useful for identifying patients at high-risk of early recurrence or death following surgery. However, unlike these other markers, by identifying a sub-population of patients who may benefit from augmented adjuvant therapy, IPI59 is also clinically actionable.
